Many major human pathogens are multi-host pathogens, able to infect other vertebrate 25 species. Describing the general patterns of host-pathogen associations across pathogen taxa is 26 therefore important to understand risk factors for human disease emergence. However, there 27 is a lack of comprehensive curated databases for this purpose, with most previous efforts 28 focusing on viruses. Here, we report the largest manually compiled host-pathogen association 29 database, covering 2,595 bacteria and viruses infecting 2,656 vertebrate hosts. We also build a 30 tree for host species using nine mitochondrial genes, giving a quantitative measure of the 31 phylogenetic similarity of hosts. We find that the majority of bacteria and viruses are 32 specialists infecting only a single host species, with bacteria having a significantly higher 33 proportion of specialists compared to viruses. Conversely, multi-host viruses have a more 34 restricted host range than multi-host bacteria. We perform multiple analyses of factors 35 associated with pathogen richness per host species and the pathogen traits associated with 36 greater host range and zoonotic potential. We show that factors previously identified as 37 important for zoonotic potential in viruses-such as phylogenetic range, research effort, and 38 being vector-borne-are also predictive in bacteria. We find that the fraction of pathogens 39 shared between two hosts decreases with the phylogenetic distance between them. Our results 40 suggest that host phylogenetic similarity is the primary factor for host-switching in pathogens. 41 Shaw, Wang et al. 
size, number of genes, and GC content. We also annotated each pathogen for the presence of 134 known invertebrate vectors (i.e. whether they can be 'vector-borne'). For bacteria, we 135 additionally included information on Gram stain, bacterial motility, spore formation, oxygen 136 requirement, and cellular proliferation. These traits were collated primarily from the GIDEON 137 Guide to Medically Important Bacteria (Berger & Berger, 2016 ), but where information was 138 missing we also searched the primary literature. For viruses, we also included Baltimore 139 classifications from the ICTV Master Species List (ICTV, 2015) . We used Google Scholar to conduct a literature search to verify if each bacterial or viral 147 species was associated with a human or vertebrate animal host. Search terms consisted of the 148 pathogen species name and the keywords: 'infection', 'disease', 'human', 'animal', 'zoo', 149 'vet', 'epidemic' or 'epizootic'. At least one primary paper documenting the robust interaction 150 (i.e. infection) of the bacteria or virus species with a host species needed to be found in our 151 search for the association to be included in our database. In addition, several reputable 152 secondary sources were used to further validate the identified pathogen-host interactions: the 153 GIDEON Guide to Medically Important Bacteria (Berger & Berger, 2016) ; the Global 154 Mammalian Parasite Database (Nunn & Altizer, 2005) ; and the Enhanced Infectious Diseases 155 Database (EID2) (Wardeh et al., 2015) (eid2.liverpool.ac.uk/). We aimed to manually read all publications found with Google Scholar searches using our 157 keyword search terms. However, as some pathogen species are extremely well-studied and 158 manual review of all returned publications was not possible, we decided to read only the first 159 ten pages of search results ordered by 'relevance' (equivalent to a limit of 200 publications). 160
Obviously, species with >200 results tend to be either well-studied pathogens (e.g. 161 'Mycobacterium tuberculosis' + 'infection': 62,900 results in 2016) or species with prolific 162 host ranges (e.g. 'Chlamydia psittaci' + 'infection': 19,700 results in 2016). For these species 163
we cannot claim to have captured all known hosts with our manual review; i.e. we may not 164 have documented every single host species the pathogen has been recorded as infecting. 165
However, we are confident that we managed to reasonably approximate the full taxonomic 166 breadth of host range, since the first ten pages of results for these well-studied pathogens 167 usually contained specialized review papers listing the vertebrate host species in which 168 infections had been documented. 169
The majority of bacterial and viral pathogens in our database are known to cause disease 170 symptoms in at least one of their host species. However, in order to be as comprehensive as 171 possible, we considered as a pathogen any species for which there was any evidence that it 172 can cause symptomatic adverse infections under natural transmission conditions, even if rare, 173
including: cases where the relationship with host species is commonly asymptomatic, cases 174 where the relationship is only symptomatic in neonatal or immunocompromised individuals, 175 or where only a single case of infection has been recorded to date. Cases of deliberate 176 experimental infection of host species were excluded from our database as we judged that 177 these did not constitute natural evidence of a host-pathogen association. 178 characterizing symptoms in wild animal populations is difficult. Furthermore, these pathogens 181 are often very closely related to pathogens which are definitely known to cause disease in the 182 same hosts. For example, Corynebacterium sphenisci was isolated in a single study from 183 apparently healthy wild penguins (Goyache et al., 2003) but is related to species which are 184 pathogens across vertebrate hosts e.g. Corynebacterium pseudotuberculosis, the causative 185 agent of lymphadenitis. Therefore, we included all species apart from bacteria and viruses 186 which we considered to be clearly non-pathogens i.e. well-studied commensal or mutualistic 187 examples such as Lactobacilli in the human microbiome (Walter, 2008 level, but were retained in our database if they were identified to the family/order level and 196 there were no other host species from the same family/order infected by the same pathogen 197 species. In other cases, hosts were identified to the sub-species level (e.g. Sus scrofa 198 domesticus) if these sub-groups were economically and/or sociologically relevant. 199
The full compiled database contained 13,671 associations ( Figure 1a ), including invertebrate 200 hosts (n=305) as well as vertebrates (n=2,913). However, we restricted our host-relatedness 201 analysis to vertebrates for which we could construct a mitochondrial gene phylogeny ( Figure  202 1b).
Definition of zoonosis

204
We classified a pathogen as zoonotic if it infected both humans and additional vertebrate 205 animals, including those shared but not known to be naturally transmissible among different 206 host species, unlike the WHO's definition of 'any disease or infection that is naturally 207 transmissible from vertebrate animals to humans and vice-versa' (WHO, 2019) . This 208 definition includes species that mostly infect their various hosts endogenously or via the 209 environment (i.e. opportunistic pathogens) such as species in the bacterial genus Actinomyces. 210
We did this based on the observation that many new infectious diseases occur through cross-211 species transmissions and subsequent evolutionary adaptation. Pathogens could also evolve to 212 become transmissible between host species. In addition, we are interested in how the overall 213 host range and host relatedness of a pathogen effects its likelihood of emergence and its 214 association with other pathogen characteristics. We did not classify a bacterial or viral species 215 as zoonotic if it had only been recognized outside of human infection in invertebrate hosts. 216
Host phylogeny
217
To infer a phylogenetic tree for all 3,218 vertebrate and invertebrate species, we relied on 218 nine mitochondrial genes: cox2, cytb, nd3, 12s, 16s, nd2, co3, coi, and nadh4. Our strategy 219 was as follows. First, we collected mitochondrial genes for species that had mitochondrial 220 gene submissions present in the NCBI database. For species without a mitochondrial gene 221 submission but where a whole genome was present, we extracted the genes by blasting the 222 genes of a taxonomically closely related species and then extracting the gene from the 223 resulting alignment. If no mitochondrial gene or whole genome submissions were available, 224 we used the NCBI taxonomy to approximate the species using a closely related species (using 225 either available genes or sequences extracted from genomes). Using this strategy and some manual filtering, we were able to obtain mitochondrial gene sequences for 3,069 species 227 (including invertebrates). 228
We merged these genes in their distinct orthologous groups (OGs) using OMA (Altenhoff et 229 al., 2018) . We used the nine largest OGs that had our expected nine genes as a basis for 230 alignment to ensure that alignment was conducted on high quality related sequences. We 231 aligned sequences for each OG separately using mafft (v7) with the options '--localpair --232 maxiterate 1000' (Katoh & Standley, 2013) . We then used MaxAlign (v1.1) (Gouveia-233 Oliveira, Sackett, & Pedersen, 2007) to get the best aligning sequences from all sequences. In 234 order to produce more consistent alignment when only partial gene submissions were 235 available, we used the '--add' parameter of mafft to append all the residual sequences that 236 were part of a corresponding OG. Then, we concatenated all OGs and inferred the 237 phylogenetic tree using IQ-TREE (v1.5.5) with the options '-bb 1000 ' We observed a strong similarity between cophenetic distances for the 551 mammals in our 241 multi-mitochondrial gene tree that are also included in the cytb tree produced by Olival et al. 242 (Olival et al., 2017) and used by subsequent studies (Albery et al., 2019; Guth et al., 2019) , 243 but there were some discrepancies ( Supplementary Figure 1 ). We did not investigate these 244 further, but suspect they may have stemmed from us not constraining our phylogeny to an 245 existing order-level topology; that is, our phylogeny represents host genetic distances inferred 246 solely from available mitochondrial gene sequences, agnostic to any other information. 247
However, this tree appeared to be globally highly consistent with NCBI taxonomic ordering, 248 with only a small minority of species disrupting monophyly of groups (n=93, 3.1%). The including: mislabelling in the database, poor sequence quality, or problems with the tree 251 inference. After pruning the tree to include only vertebrate species (n=2,656, Figure 1c ), a 252 reduced fraction of species disrupted monophyly of groups (n=40, 1.5%). The analyses 253 presented in the main text include species which disrupted monophyly. 254 hosts. Specifically, we take the function over the upper triangle of this (symmetric) matrix: 258
Phylogenetic host breadth
We found that the mean PHB for a pathogen (i.e. the average inter-host distance) was 259 correlated with the maximum PHB (i.e. the largest inter-host distance) (Supplementary Figure  260 2), so there was little practical difference in using either measure. For simplicity, PHB refers 261 to PHB !"#$ unless otherwise stated. In fitting generalized additive models to predict zoonotic 262 potential, models included different PHB quantities (see below). 263
Statistical analyses
264
Code for all analyses is available in our code and data repository 265 (https://github.com/liampshaw/Pathogen-host-range). Here, we give a brief overview of our 266 statistical methods. 267
Descriptive analyses of pathogen traits and host range. To summarise the dataset and 268 make the most use of the traits we manually compiled, we performed separate analyses of 269 different pathogen traits and their associations with host range using a specialist/generalist distinction. We used Chi-squared tests to assess whether viruses and bacteria differed in their 271 proportion of specialist pathogens or vector-borne pathogens. We used Wilcoxon rank sum 272 tests to compare the distributions of GC content and genome size for specialists and 273 generalists within viruses and bacteria. We used Chi-squared tests to compare the distribution 274 proportion of generalists within subsets of bacteria based on lifestyle factors: motility, cellular 275 proliferation, spore formation, and oxygen requirement. Reported p-values are not corrected 276 for multiple testing. These results are best viewed as exploratory; some of the conclusions 277 were not retained when looking at the partial effects of predictors in a best-fit GAM, 278 controlling for the effects of other variables. 279
Generalized additive models (GAMs). We fitted GAMs to rank predictors using the viral pathogens, we found there was better overlap for viruses in our dataset (n=613 host wild 291 mammals) than for bacteria (n=274). 292
Zoonotic potential. For bacteria, GAMs could include terms for host range (PHB !"#$ , 293 PHB !"#$%& , or PHB !"# ), research effort (NCBI PubMed, Nucleotide, or SRA results), 294 motility, sporulation, being vector-borne, oxygen requirements, and Gram stain. We excluded 295 cellular lifestyle (intra/extracellular) as a predictor due to low numbers, and excluded 296 pathogens of unknown motility (n=50) or sporulation (n=17). For viruses, GAMs could 297 include terms for host range, research effort, genome size (number of proteins and length), 298 being vector-borne, and genome type (Baltimore classification). We excluded pathogens with 299 unknown genome size (n=253). We observed structure in some partial effect residuals in the 300 best-fit GAMs: research effort for bacteria ( Figure 6b ) and host range for viruses ( Figure 6d ). 301
This structure was driven by pathogen taxonomy, with families (orders) for bacteria (viruses) 302 having different zoonotic potential; e.g. the Staphylococcaceae contain a high proportion of 303 generalists. Attempts to include taxonomy as a categorical predictor produced best fit models 304 which excluded all lifestyle factors (not shown), although host range and research effort were 305 still the strongest predictors. 306 Shared pathogen analysis. If we denote the set of pathogens seen at least once in a host 307 taxon a as ! (where the taxon could be a species, genus, family etc.), we define the fraction 308 of shared pathogens between two taxa a and b as: 309
Note that this definition is symmetric in a, b. It can therefore be compared with the (mean) 310 phylogenetic distance between taxa using a Mantel test to determine the correlation. 311
Another property we consider is the fraction of the pathogens seen in a host taxon which are 312 also seen in a reference host species (e.g. humans). Taking the comparison of primates and 313 humans as an example: in the database, the primates (excluding humans) are represented by 147 host species with 762 host-pathogen associations. The total number of pathogen species 315 with at least one association with a primate species is ! =222. Of these, 158 are also seen in 316 humans (the total number of pathogen species with at least one association with humans is 317 ! =1,675). We can then define the fraction of pathogens of primates also seen in humans as 318
We used an illustrative sigmoidal fit of the form and Chlamydia psittaci (n=133, 1.1%), respectively. 329
Specialist pathogens are the most common category
330
Approximately half of all pathogens infected only a single host species (n=1,473, 56.8%; 331 Table 2 ). For pathogens not infecting humans, specialists were less common than generalists. 332
Bacteria had a significantly higher proportion of specialists compared to viruses (64.5% vs. 333 42.5%; χ 2 test: χ 2 [df=1, n=1,635]=5.77, p=0.016). Almost half of all bacteria were human 334 specialists (855 of 1,685, 50.7%). Despite the dominance of specialists, many generalist 335 pathogens had broad host ranges spanning more than one host order: around one in three 336 pathogens infected multiple host orders (n=508, 30.3% of bacteria, n=307, 33.7% of viruses; 337 Table 2 ). 338
Considering well-represented pathogen taxonomic families (>20 pathogens in association 339 database), the bacterial family with the highest proportion of generalists was 340
Staphylococcaceae (24 of 29, 83%; Supplementary Figure 3 ). For viruses, it was 341
Multi-host viruses have a more restricted host range than multi-host bacteria
343
Although the majority of pathogens infect just one host, and the total proportion of bacteria 344 and viruses infecting multiple host orders was similar (30.1% vs. 33.7%), the distribution of 345 generalists was significantly different between bacteria and viruses. Multi-host viruses were 346 more likely than bacteria to only infect a single host family (Table 2) . A minority of 347 pathogens were vector-borne (n=272, 10.5%), and viruses were significantly more likely to be 348 vector-borne than bacteria (18.4% vs. 6.2%; χ 2 test: χ 2 [df=1, n=2,589]=91.5, p<0.001). A 349 higher proportion of vector-borne viruses were generalists than those which were not vector-350 borne (70.1% vs. 36.6%; χ 2 test: χ 2 [df=1, n=907]=60.9, p<0.001). The same was true for 351 bacteria (49.5% vs. 21.4%; χ 2 test: Table  352 1). 353
This restricted host range of multi-host viruses was also apparent in the distribution of mean 354 phylogenetic host breadth (PHB) for multi-host pathogens ( Figure 2 ). Bacteria generally had a 355 more positively skewed distribution of mean PHB compared to viruses ( Figure 2 ; median 356 0.520 vs. 0.409, p<0.001 Wilcoxon rank sum test). Notably, these distributions were both 357 above the median maximum phylogenetic distance between hosts from the same order, which 358 was 0.323. The observation that bacteria had a more positively skewed distribution of mean 359 PHB was reproduced when subsampling to exclude human hosts for both domestic and non-360 domestic hosts (see repository). 361
Pathogen richness varies by host order
362
Observed pathogen richness varied at the level of host order ( Figure 3 ). Considering only host 363 species with an association with at least one bacterial species and one viral species, bacterial 364 and viral richness were strongly correlated (Spearman's ρ=0.57, p<0.001). The proportions of these bacteria and viruses shared with humans were more weakly correlated (Spearman's 366 ρ=0.21, p<0.001). 367
We used a dataset of host traits for wild mammals previously compiled by Olival et al. (2017) 368 to find predictors of total bacterial and viral richness within a species using GAMs (Figure 4) . 369
More than 60% of total deviance was explained by the best-fit GAMs (Table 3a and 3b) for 370 bacteria and viruses respectively). The number of disease-related citations for a host species 371 was the strongest predictor of the number of both bacterial and viral pathogens, accounting 372 for ~80% of relative deviance. 373
Pathogen genome and host range
374
We observed different distributions of pathogen genome GC content and genome size 375 depending on whether a pathogen was a specialist or a generalist (Supplementary Figure 5 ). 376
We had information on the number of proteins for n=657 viruses (72.2%, 5,815 associations). 377
While there was no significant correlation between the number of proteins in a virus genome 378 and mean PHB (Spearman's ρ=0.06, p=0.13), there was a significant positive correlation 379 between genome size and PHB (Spearman's ρ=0.23, p<0.001). 380
We had information on genome GC content and genome size for a similar proportion of 381 bacteria (n=1,135, 67.4%, 4,619 associations; n=550 species lacked data). However, there 382 was no significant correlation between bacterial genome size and PHB (Spearman's ρ=-0.05, 383 p=0.10), although specialists had a slightly larger genome size than generalists (means: 3.66 384 vs. 3.30 Mb; Wilcoxon rank sum test: W=140,610, p=0.007). 385
Pathogen factors affecting host range of viruses
Genome composition. Viruses with RNA genomes had a greater PHB than DNA viruses 387 (median: 0.238 vs. 0). Subsetting further, +ve-sense single-stranded RNA viruses (Baltimore 388 group V) had the greatest PHB (Supplementary Figure 6) . 389 DNA viruses typically have much larger genomes than RNA viruses. We therefore fitted a 390 linear model for mean PHB using both DNA/RNA genome and genome size, with an 391 interaction term. Having an RNA genome and a larger genome were both significantly 392 associated with greater mean PHB in this linear model (t=6.11 and t=4.58 respectively, 393 p<0.001 for both, Supplementary Table 2) , with a non-significant interaction between them 394 (p=0.36). In line with this, we found that the proportion of zoonotic viruses was higher for 395 RNA viruses (198 of 572, 34.6%) than DNA viruses (33 of 286, 11.5%), in agreement with 396 proliferation in a linear model suggested that neither was associated with greater mean PHB 408 ( Supplementary Table 3 ).
Spore formation.
Only a small number of bacterial pathogens were spore-forming (n=91), 410 and they did not have a significantly different number of generalists compared to non-spore-411 forming bacteria. 412
Oxygen requirement. The oxygen requirements of bacteria were significantly associated 413 with the proportion of generalists in each group (χ 2 test: χ 2 [df=2, n=1,573]=55.5, p<0.001). 414
Aerobic bacteria (n=648) were nearly twice as likely to infect multiple hosts compared to 415 anaerobic bacteria (n=343) (20.8% vs. 10.8%). However, facultatively anaerobic bacteria 416 (n=582) had an even higher proportion of species infecting multiple hosts (31.5%). 417
Predicting zoonotic potential from pathogen traits 418 We fitted GAMs to predict whether or not a pathogen was zoonotic using pathogen traits and 419 inspected the partial effects for each predictor in the best-fit model ( Figure 5 ). Best-fit GAMs 420 could explain ~30% of total deviance (Table 3 ). We found that research effort and host range 421 (excluding human hosts) were the two strongest predictors of zoonotic potential, together 422 accounting for >70% of relative deviance. For bacteria, being facultatively anaerobic or 423 microaerophilic were significantly associated with zoonotic potential (Figure 5c , Table 3c) ; 424 for viruses, those with an RNA genome had greater zoonotic potential ( Figure 5f , Table 3d ). 425
Vector-borne pathogens had greater zoonotic potential for both bacteria and viruses. 426
Pathogen sharing between hosts decreases with phylogenetic distance
427
The proportion of total pathogens shared between host orders decreased with phylogenetic 428 distance ( Figure 6a ). Comparing vertebrate host orders specifically to Homo sapiens showed 429 that the closer an order was to humans, the greater the fraction of pathogens that were shared 430 for both bacteria and viruses, with an approximately sigmoidal relationship (Figure 6b ). The 431 decrease in the fraction of shared pathogens was steeper for viruses than bacteria.
Discussion
433
In this work, we have compiled the largest human-curated database of bacterial and viral 434 pathogens of vertebrates across 90 host orders. To date, this represents the most detailed and 435 taxonomically diverse characterization of pathogen host range. Using this database, we have 436 been able to conduct a detailed quantitative analysis of the overall distribution of host range 437 (host plasticity) across two major pathogen classes (together bacteria and viruses comprise the 438 majority of infectious diseases). We also use this database to examine the proportion of 439 pathogens shared among host orders. 440
We found that pathogen sharing was strongly correlated with the phylogenetic relatedness of 441 vertebrate hosts. This finding corroborates and generalises the observation by Olival et al. 442 (2017) for viral pathogens of mammalian hosts, as well as other studies using smaller taxon-443 specific datasets (13, 15, 21). This suggests that phylogeny is a useful general predictor for 444 determining the 'spillover risk' (i.e. the risk of cross-species pathogen transmission) of 445 different pathogens into novel host species for both bacteria and viruses. Given the difficulty 446 in predicting the susceptibility of cross-species spillovers (Parrish et al., 2008) and the 447 restriction of most previous work to viruses, this finding is an important step in our 448 understanding of the broad factors underlying and limiting pathogen host ranges. 449
The underlying mechanisms by which phylogeny affects spillover risk still need to be more 450 closely examined. Pathogens are likely to be adapted to particular host physiologies (e.g. host 451 cell receptors and binding sites), which are expected to be more similar between genetically 452 closer host species. One mechanism by which a pathogen may be able to establish a broader 453 host range is by exploiting more evolutionarily conserved domains of immune responses 454 shown among viruses for which the cell receptor is known (Woolhouse, 2002) . Interestingly, 456
we found that the decrease in the fraction of shared pathogens with increasing phylogenetic 457 distance was steeper for viruses than bacteria, which suggests that bacterial pathogens, on 458 average, have higher host plasticity than viruses (i.e. a greater ability to infect a more 459 taxonomically diverse host range). Future studies could examine whether host cell receptors 460 for bacterial pathogens are more phylogenetically conserved compared with host cell 461 receptors for viral pathogens. 462
When examining the overall distribution of host ranges, we found a substantial fraction of 463 both bacterial and viral pathogens that have broad host ranges, encompassing more than one 464 Given these observations, it may be useful to more closely monitor those pathogens with the 472 highest mean PHBs that have not yet been identified as zoonoses. 473
Several traits were found to be significantly associated with bacterial and viral host ranges. 474
For viruses, RNA viruses and larger genome size were independently associated with a 475 broader host range. This is in line with RNA viruses appearing particularly prone to infecting 476 new hosts and causing emerging diseases, something which has been attributed to their high 477 mutation rate (Holmes, 2010) . The positive association between viral genome size and host range might be due to pathogens specialising on a narrower range of hosts requiring a smaller 479 number of genes to fulfil their replication cycle. 480
For bacteria, motile and aerobic pathogens had a wider host range, with the largest number of 481 hosts found for facultative anaerobes, perhaps suggesting a greater ability to survive both 482 inside and outside hosts. Conversely, we did not find a strong association between genome 483 size and host range in bacteria; in fact, specialists had slightly larger genomes on average 484 compared to generalists. Since genome reduction through loss of genes is a well-recognised 485 signature of higher virulence in bacteria (Weinert & Welch, 2017), this suggest that 486 pathogenicity may be largely uncorrelated to host range in bacteria. It would be interesting to 487 further explore these relationships for obligate and facultative pathogens in the future. 488
We found a surprising lack of association between the expected 'intimacy' of host-pathogen 489 relationships (as judged with pathogen lifestyle factors) and host range. We identified more 490 single-host bacteria than viruses, which was the opposite of what we predicted going into this 491 study. One possibility is that bacterial pathogens may be more dependent on the host 492 microbiome i.e. their ability to infect other host species may be more contingent on the 493 existing microbial community, compared to viruses. However, we recognize that literature 494 bias could contribute to this conclusion, particularly for RNA viruses which are more difficult 495 to identify and diagnose than other infective agents. We also found that intra-cellular and 496 extra-cellular bacteria had roughly the same number of hosts despite our expectation for intra-497 cellular bacteria to have a more narrow host range due to their higher expected intimacy with 498 their host. However, it should be noted that information about cellular proliferation was only 499 available for 18% (307 of 1,685) of all bacteria in the database, and this is a trait which can be 500 difficult to unambiguously characterize (Silva, 2012) .
Previous studies of viral pathogens have shown that those that are vector-borne tend to have 502 greater host ranges -whether through higher host plasticity (Kreuder Johnson et al., 2015) 503 or higher mean PHB (Olival et al., 2017) . We replicate this observation for both viruses and 504 bacteria, suggesting a strong and consistent effect of being vector-borne for a pathogen. We 505 also found that greater host range was associated with greater zoonotic potential for viral and 506 bacterial pathogens, complementing previous work restricted to viruses (Olival et al., 2017) . 507
We controlled for research effort (number of publications, or number of SRA records) and 508 found that it was a strong predictor of both greater pathogen richness within a host species, 509 and the zoonotic potential of a pathogen. However, disentangling these factors is difficult. 510
There could be increased research efforts to study known zoonoses to identify them in 511 animals in order to establish possible 'reservoirs', giving a biased picture. However, this 512 could also partly be a consequence of the global distribution of humans and their propensity 513 contribute to the pattern of zoonotic species having broader host ranges in particular for 520 pathogens at high prevalence in humans. 521
Our results have several further limitations. Our database was compiled from a 522 comprehensive synthesis of the available evidence in the literature about host-pathogen 523 associations. Our results are therefore necessarily biased by differences in research intensity reflection of the current state of knowledge in the literature. For example, specialist pathogens 526 of humans were the largest single group of bacterial species most likely because these have 527 been comparatively well-studied. Research effort targeted towards a pathogen primarily 528 reflects its medical and/or economic impact, and as such does not invalidate a classification 529 into specialist and generalist pathogens. We do not expect research effort to a priori bias 530 comparisons of host range between viruses and bacteria, or subsets therein defined by 531 particular traits such as GC content. Although we attempted to control for research effort in 532 our statistical analyses which did not depend on a binary 'specialist' vs. 'generalist' 533 distinction, the limitation of reflecting the current state of knowledge still applies to any 534 literature-based review and cannot be avoided. 535
We did not investigate in detail how geographical and ecological overlap between host 536 species affects pathogen sharing. We found that greater sympatry with other mammal species 537 (defined as ≥20% area of target species range) was a positive predictor of viral sharing but 538 was negatively correlated with bacterial sharing (Figure 4 ≥20% was the minimum threshold for viral sharing, but it may not be appropriate for bacteria. 540
Future work using generalized additive mixed models (GAMMs) will be necessary to 541 properly control for autocorrelation in pathogen sharing networks (Albery et al., 2019), but 542 we provide some thoughts here. Geographical overlap provides the necessary contact for host 543 switching to occur (Davies & Pedersen, 2008), and some authors have claimed that the rate 544 and intensity of contact may be "even more critical" than host relatedness in determining 545 switching (Parrish et al., 2008) . In support of this, 'spillovers' over greater phylogenetic such a method may be the optimal way to incorporate all known genomic information at a 575 broad scale. 576
In conclusion, we have compiled the largest dataset of bacterial and viral pathogens of 577 vertebrate host species to date. This is an important resource that has allowed us to explore 578 different factors affecting the distribution of host range of vertebrate pathogens. While we are 579 still some way off having a clear overall understanding of the factors affecting pathogen-host 580 interactions, our results represent a substantial step in that direction. Maintaining such 581 comprehensive datasets into the future is challenging but important, in order to ensure that all 582 available knowledge is synthesized -rather than drawing conclusions only from well-583 studied pathogens, which likely represent the exceptions and not the norm. 584
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First study to show that multi-host bacteria infect more diverse hosts than multi-host viruses.
Zoonotic pathogens infect more non-human hosts than nonzoonotic. pathogens. the overall pathogen histogram (both types) shown in grey on both panels to help comparison. 820
On average, multi-host bacteria have a more diverse host range than viruses (black/red dashed 821 lines indicate median for bacteria/virus respectively). The majority of pathogens have a mean 822 PHB < 0.03 (n=1,816, 70.0%) and are excluded from the plot. 823 824 825 in the best-fit GAM accounting for the effects of other variables (see Table 3 for numerical 842 values). Shaded circles represent partial residuals and shaded areas represent 95% confidence 843 intervals around the mean partial effect. (a, f) Number of disease-related citations per host 844 species, (b) phylogenetic eigenvector representation (PVR) of body mass i.e. corrected for 845 phylogenetic signal, (c, g) geographic range area of host species, (d, h) number of sympatric 846 mammal species overlapping with at least 20% area of target species range, and (e, i) 847 mammalian order (non-significant terms retained in best model shown in grey). For bacteria, 848 PVR body mass was not included in the best-fit GAM. 849 effect of the variable in the best-fit GAM accounting for the effects of other variables (see 853 Table 3 for numerical values). Shaded circles represent partial residuals and shaded areas 854 represent 95% confidence intervals around the mean partial effect. Viruses: (a) Mean 855 phylogenetic breadth of viral pathogen, (b) SRA records for viral pathogen, (c) Significant 856 categorical predictors. +ssRNA and -ssRNA are mutually exclusive as they come from the 857 'genome type' variable. Bacteria: (d) Median phylogenetic breadth of bacterial pathogen, (e) 858
PubMed records for bacterial pathogen, (f) Significant categorical predictors. Facultatively 859 anaerobic and microaerophilic are mutually exclusive as they come from the 'oxygen' 860 lifestyle variable. Gram stain and motility were included in the best-fit model but were not 861 significant. Predictors are different for each best-fit GAM because the model term for e.g. 862 phylogenetic breadth could be chosen from the mean, median, or maximum PHB for a 863 pathogen. 864 865 
